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A pilled fabric image consists of sub-images of different frequency components, and the fabric texture and the pilling
information are in different frequency bands. Interference from fabric background texture affects the accuracy of
computer-aided pilling ratings. A new approach for pilling evaluation based on the multi-scale two-dimensional dual-
tree complex wavelet transform (CWT) is presented in this paper to extract the pilling information from pilled fabric
images. The CWT method can effectively decompose the pilled fabric image with six orientations at different scales
and reconstruct fabric background texture and pilling sub-images. This study used an energy analysis method to
search for an optimum image decomposition scale and dynamically discriminate pilling image from noise, fabric
texture, fabric surface unevenness, and illuminative variation in the pilled fabric image. For pilling objective rating,
six parameters were extracted from the pilling image to describe pill properties. A Levenberg–Marquardt back-
propagation neural rule was used as a classifier to classify the pilling grade. The proposed method was evaluated
using knitted, woven, and nonwoven pilled fabric images photographed with a digital camera.
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Introduction
 
Fabric pilling is a serious problem for the apparel indus-
try. Pills spoil the original appearance of a fabric and
can cause premature wear. Normally, resistance to pill-
ing is tested in the laboratory by processes that simulate
accelerated wear, followed by a manual assessment of
the degree of pilling based on a visual comparison of the
sample with a set of standard pilling images, to deter-
mine the degree of pilling on a level ranging from 1
(very severe pilling) to 5 (no pilling). This subjective
evaluation can be inconsistent and inaccurate, and pill
rating may vary from one laboratory to another. Reli-
able and accurate objective evaluation methods are
desirable for the textile industry.
Objective pilling assessment methods, such as
image analysis techniques (Chen & Huang, 2004; Kang,
Cho, & Kim, 2004; Kim & Kang, 2005; Xin, Hu, &
Yan, 2002) and laser scanning (Yao, Yu, Xu, & Xu,
2008), have been reported. These methods employ
either complicated equipment such as laser triangula-
tion imaging or image processing algorithms that can
not effectively eliminate the influence of fabric texture
for accurate pilling prediction. A pilled fabric image
includes information such as texture, pills, illumination,
and fabric surface unevenness. Many researchers have
tried to separate the pills from the background by image
analysis techniques, such as pixel-based brightness
threshold (Kim & Park, 2006; Konda, Xin, Takadera,
Okoshi, & Toriumi, 1988; Xin et al., 2002) and region-
based template matching (Xin et al., 2002). However,
these methods cannot eliminate the influence of fabric
texture. A pilled fabric often has distinct pills as well as
ambiguous fuzz and small pills that are difficult to clas-
sify. In addition, the fabric surface ruggedness may add
further difficulty to fabric pilling identification.
Xu (1997) introduced a template matching concept
for solid colour fabric pilling identification. It was
implemented through two-dimensional convolution of
fabric image and template image. The size of the
template is determined by the average size of the fabric
texture elements. Because the pills exhibit fractal
shapes and diverse sizes, it is impracticable to construct
a matching template for pills of all shapes and sizes.
Xu’s (1997) method included image enhancement and
conventional pattern filtering in the frequency domain
before pill extraction. However, it is difficult to ascer-
tain the boundary between the pills and fabric texture in
the frequency domain.
The two-dimensional discrete Fourier transform
(DFT) has been used (Palmer & Wang, 2004; Tsai &
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Chiang, 2003; Zhang, Wang, & Palmer, 2007) to sepa-
rate periodic structures in fabric image from non-
periodic structures in the image (the pills) in the
frequency domain. The DFT can provide only a gross
summary of spatial frequency information about the
entire image, not location information as localised pills
cannot be easily identified directly by Fourier transform
(Xu, 1997).
The multi-scale transform can effectively analyse
the images at different scales of decomposition. It has
been applied to objective pilling ratings. Palmer and
Wang (2003, 2004) suggested that the pilling intensity
can be classified by the standard deviation of the hori-
zontal detail coefficients of a two-dimensional discrete
wavelet transform (DWT) at one given scale. When the
analysis scale closely matches the fabric texture
frequency, the discrimination is the largest. More pills
and fuzz on the fabric surface will give a higher stan-
dard deviation of the horizontal detail coefficients.
However, the method can only analyse the frequency
information, not the pill location information.
Kim and Kang (2005) stated that the periodic back-
ground texture can be attenuated by the undecimated
DWT. By using a simple threshold proposed by Otsu
(1979), pills can be separated from the background in
the reconstructed smooth (approximation) sub-images
at an appropriate decomposition level. Because the
approximation sub-images comprise not only pilling
information but also surface unevenness and illumina-
tive variation, determination of the threshold is critical
for extracting the pilling image.
The multi-scale two-dimensional dual-tree complex
wavelet transform (CWT), which is a complex mixture
of spatial domain and frequency domain processing
stages, can perform multi-decomposition and direc-
tional selectiveness analysis. The approximate shift-
invariant property of the dual-tree complex wavelet and
its good directional selectivity in two dimensions
improve the recognition rate dramatically in identifying
similar patterns (Kingsbury, 2000). In this study, an
integrated feature extraction technique using CWT for
pilled fabric image recognition is proposed. The CWT
is to characterise the image elements in both spatial and
frequency domains. By removing the disturbance of
noise, fabric periodic texture, surface unevenness, and
background illuminative variation of a pilled fabric
image according to different frequency scales obtained
by CWT, the pilling feature image is extracted.
Advanced image analysis and dynamic optimum
threshold searching are also employed to determine the
pilling image frequency band and calculate the pill
feature vectors, such as pill volume and pill area, for
objectively assessing fabric pilling grading. Pilling
rating classification rules are established for different
fabric types.
 
Fabric image acquisition
 
Fabric surface height variation information can be
measured with a laser probe, which scans pill depth
information from a moving fabric, and a computer then
generates the fabric image (Ramgulam, Amirbayat, &
Porat, 1993; Yao et al., 2008). This method is slower to
acquire image data than direct image capture with a
digital camera. In addition, the fabric image generated
from line scanning may not show the true fabric surface
characteristics. Konda et al. (1988) used almost tangen-
tial illumination, and Hsi, Breese, and Annis (1998a,
1998b) found that diffuse light for capturing images
with a camera for pilling identification is better than
collimated lighting. In this study, we used fabric images
taken with a digital camera (Olympus FE 270) as shown
in Figure 1. Each fabric image was cropped and resized
to a 512 
 
×
 
 512 pixels 256 colour image or 512 
 
×
 
 512
pixels 8-bit grey-scale image so that only the tested area
was used for subsequent numerical calculation. The
image resolution is about 78 pixels/cm. A standard pill-
ing assessment cabinet from VeriVide in accordance to
BS 5811 test method (method for determination of the
resistance to pilling and change of appearance of
fabrics) was used for mounting the tested fabrics. The
cabinet provides high-intensity oblique incident illumi-
nation (the standard D65 Artificial Daylight) in which
specimens were so mounted that the light casts a
shadow across the specimens. The feature values of pill-
ing were extracted from the pilled fabric images with a
computer program developed under the MATLAB
environment.
 
Figure 1. Schematic diagram of the image capture system.
Methods of separating pills from texture 
background
 
FFT frequency analysis
 
The fast Fourier transform (FFT) algorithm is useful for
analysing patterns that exhibit a high degree of period-
icity (Xu, 1997). However, the method has a vital
shortcoming in that any spatial information is lost when
a pilled fabric image is transformed to the frequency
domain, filtering out low-frequency components, and
reconstructed to the pilling image free from back-
ground texture using invert FFT (IFFT). Depending on
the filter radius (
 
R
 
 in Figure 2), the reconstructed image
either still has the fabric structure or shows a fusion
effect between fabric background and pills as shown in
Figure 2. A large filter radius will result in the recon-
structed image having more fabric background features.
Therefore, the FFT method could not provide enough
information to localise and detect anomalies such as
pills. It is difficult to select a dynamic filter to obtain
the best pilling images with minimum background
texture.
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Discrete wavelet transform (DWT)
 
The DWT method decomposes an image into one low-
frequency approximate sub-image and three high-
frequency detail sub-images at each decomposition
scale, corresponding to horizontal (
 
D
 
h
 
), vertical (
 
D
 
V
 
)
and diagonal (
 
D
 
d
 
) detail sub-images, oriented at angles
of 0
 
°
 
, 
 
±
 
45
 
°
 
, and 90
 
°
 
, respectively. While the 
 
D
 
h
 
 and 
 
D
 
V
 
wavelets are oriented vertically and horizontally, the 
 
D
 
d
 
wavelet has a checkerboard appearance (Figure 3(b)), as
it mixes +45
 
°
 
 and 
 
−
 
45
 
°
 
 orientations. Consequently, the
separable DWT fails to isolate these orientations
(Kingsbury, 2000).
 
Figure 3. Two-dimensional impulse responses of the complex wavelets at Scale 4 (six bands at angles from −
 
75°
 
 to +75°
 
) and equivalent responses for a real wavelet transform (three bands). (a) CWT and (b) DWT.The complex wavelet transform (CWT)
 
The CWT is an enhancement to the DWT, with
important additional properties: it is nearly shift
invariant and directionally selective in two and higher
dimensions. The most important property of CWT is
that it can separate more directions than the real
wavelet transform. The CWT can provide six sub-
images in two adjacent spectral quadrants at each
level, which are oriented at angles of 
 
±
 
15
 
°
 
, 
 
±
 
45
 
°
 
, and
 
±
 
75
 
°
 
. This is shown in Figure 3(a). The strong orien-
tation occurs because the complex filters are asymme-
try responses. They can separate positive frequencies
Figure 1. Schematic diagram of the image capture system.
Figure 2. FFT decomposition and IFFT reconstruction images at different FFT radii (R).
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from negative ones vertically and horizontally without
aliasing positive and negative frequencies. The orien-
tation selectivity, shown in Figure 3(a), is clearer
under each scale in comparison with the classical
wavelet in Figure 3(b).
Figure 4 further illustrates the difference between
DWT and CWT. Compared with the CWT method,
there is an obvious mosaic phenomenon for Scales 5–7
sub-images and approximation image from the DWT
method. As a result, the reconstructed pilling image
(Scale 5 + Scale 6) is not as clear as that from the CWT
method.
 
Figure 4. Decomposition and reconstruction effects from (a) DWT and (b) CWT.
 
Wavelet reconstruction and energy distributions
 
Separate pilling feature from fabric background 
texture
 
A pilled fabric image includes information such as
regular base structure or pattern (e.g. weave), pills,
background illumination, and the fabric surface uneven-
ness. They exist in the image frequency domain at
different frequency bands (Zhang, Wang, & Palmer,
2007). As pills and fuzz are the main features in the
pilling rating procedure, extracting them from the fabric
image is the most important task for objective pilling
assessment. To achieve this, the pilled fabric image was
decomposed as shown in Figure 5, and reconstructed at
different scales by simply retaining the Scale 
 
j
 
 (
 
S
 
j
 
) detail
coefficient, and setting the other scale (
 
S
 
1
 
, 
 
S
 
2
 
, …, 
 
S
 
j
 
−
 
1
 
,
 
S
 
j
 
+1
 
, …, 
 
S
 
J
 
, where 
 
J
 
 is the total decomposition scales)
detail coefficients to zero. In contrast to the FFT-based
method, the attenuation of fabric patterns by CWT
reconstruction is simple and effective since it can be
attained by simply setting the irrelevant detail coeffi-
cients to zero and reconstructing the image (Figure 5)
without the delicate selection of the threshold and filter
design.
 
Figure 5. Block scheme of extracting pilling image from a pilled fabric image.Figure 6 shows that Scale 1 and Scale 2 sub-images
comprise the highest frequency noise information in the
original image; Scales 3 and 4 include mainly the fabric
texture information (normally in the middle frequency
range); Scales 5 and 6 contain different size fuzz and
pills (lower frequency range); and Scale 7 (the lowest
frequency) consists of the fabric surface inequalities
and the background illuminative variance. The approx-
imation sub-image involves largely the fabric surface
inequalities. With the invariance of decomposition and
Figure 3. Two-dimensional impulse responses of the complex wavelets at Scale 4 (six bands at angles from −75° to +75°) and
equivalent responses for a real wavelet transform (three bands). (a) CWT and (b) DWT.
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Figure 4. Decomposition and reconstruction effects from (a) DWT and (b) CWT.
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reconstruction of the CWT, the fabric texture image can
be reconstructed by combining Scale 3 and Scale 4 sub-
images and the pilling image by combining Scale 5 and
Scale 6 sub-images.
 
Figure 6. CWT sub-images and reconstructed images.
 
For an input image 
 
f
 
(
 
x
 
, 
 
y
 
) of size 
 
N
 
 
 
×
 
 
 
N
 
 (
 
N
 
 = 512 for
all samples in this paper) pixels, one scale of wavelet
decomposition results in two trees. Each tree consists of
six direction detail sub-images  (
 
x
 
, 
 
y
 
) (where Tree
 
k
 
 = 1, 2; direction 
 
d
 
 = 1, 2, …, 6; and Scale 
 
j
 
 = 1, 2, …,
 
J
 
) and an approximation image  (
 
x
 
, 
 
y
 
) (where 
 
k
 
 = 1,
2 and 
 
j
 
 = 1, 2, …, 
 
J
 
) (see Figures 5 and 6). The direction
 
d
 
 refers to the 
 
±
 
15
 
°
 
, 
 
±
 
45
 
°
 
, and 
 
±
 
75
 
°
 
 image directions.
The energy, the sum of the grey value squared, of the
approximation image at Scale 
 
j
 
 (
 
E
 
s
 
) and the energy of
each decomposed sub-image ( ) can be calculated
using Equations (1) and (2), respectively.fd j
k d,
fs j
k
Ed
j
Figure 5. Block scheme of extracting pilling image from a pilled fabric image.
Figure 6. CWT sub-images and reconstructed images.
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The total energy of the image 
 
f
 
(
 
x
 
, 
 
y
 
) after 
 
J
 
 scale
multi-decompositions is given in Equation (3). 
After a fabric image is processed by CWT, the
frequency band in each sub-image decreases with the
decomposition scale. The decomposition scale stage
can be divided into four groups according to the
frequency component. The first group contains infor-
mation of high-frequency signals, which are normally
irrelevant to fabric pilling. The first and second scale
detail sub-images in Figure 6 are examples of this
group. The second group is mainly the fabric texture,
for example Scale 3 and Scale 4 detail images in
Figure 6. The third group (e.g. Scale 5 sand Scale 6
detail images in Figure 6) contains information of fuzz
and different size pills while the fourth group, that is
the low-frequency signals for Scale 7 detail image and
approximation image, includes the non-pilling informa-
tion such as the background illuminative variation and
the fabric surface unevenness. The pilling feature can
be analysed by examining the relationship between
energy (as defined in Equations (1) and (2)) and the
decomposition scales (Kim & Kang, 2005; Zhang et al.
2007).
The choice of a proper number of decomposition
scale in four groups is based on the energy relative
gradient of detail sub-images in two consecutive scales,
as expressed in Equations (4) and (5) (where 
 
D
 
j
 
 is the
normalised energy of the detail sub-images at decom-
position Scale 
 
j
 
, and 
 
R
 
j
 
 is the energy relative gradient
of detail sub-images between adjacent Scale 
 
j
 
 and
Scale 
 
j
 
−
 
1). 
 
Figure 7 shows the decomposed detail sub-image
energy charts at different scales for fine and rough
background texture fabric images shown in Figure 8.
Both fabrics were knitted with 80 tex wool yarns, but
the densities, wales 
 
×
 
 courses, are 12 
 
×
 
 42 per 10 mm
and 15 
 
×
 
 65 per 10 mm for rough and fine back-
ground texture fabrics, respectively. The fabric base
structure, that is the second group, has the highest
energy level. The 
 
R
 
j
 
 reaches its minimum (
 
Rj = −1.8)
at the fifth decomposition scale (Sj = 5) for the rough
background texture, while the minimum Rj (Rj = −3.2)
is at Sj = 4 for the fine background texture. In general,
fabrics with a rough background have more low-
frequency components and greater Sj than those with a
fine background.
Figure 7. The (a) energy and (b) relative energy gradient plots of fabric images given in Figure 8.8 Sub-images from (a) rough and (b) fine background fabric images.The decomposition scale for obtaining an optimum
pilling image depends on the background. A rough
background has a larger decomposition scale than the
fine background. Figures 7(b) and 8(a) show that the
optimum decomposition scale for separating pilling and
background is Sj = 5. Therefore, Scales 3 and 4 contain
texture information and Scales 5 and 6 consist of fuzz
and pills for the rough background. Meanwhile, Figures
7(b) and 8(b) illustrate that the optimum decomposition
 
E fs x ys j
k
x y
N
=
=
∑ ( ( , )) ( )
,
2
1
1
E fd x yd
j
j
k d
x y
N
=
⋅
=
∑ ( ( , )) ( ),
,
2
1
2
E E Es d
j
j
J
= +
⋅
=
∑
1
3( )
 
D
E
Ej
d
j
= ( )4
 
R
D D
D
j Jj
j j
j
=
−
=
⋅
−1 2 3 5, , , , ( )K
Figure 7. The (a) energy and (b) relative energy gradient plots of fabric images given in Figure 8.
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scale is 4 for the fine background fabric, and Scales 2
and 3 contain background information and Scales 4 and
5 consist of fuzz and pills.
Figure 9 presents some example fabrics with differ-
ent optimum decomposition scales (Sj) and pilling
rating grades. They indicate that a pilled fabric can be
successfully decomposed into pilling image and back-
ground image after filtering out disturbance informa-
tion. Therefore, the pilling information (optimum scales
Sj and Sj+1 detail images) can be separated from the
fabric texture, surface unevenness, high-frequency
noise, and illuminative variation of the pilled fabric
images. We designed and developed computer software
for determination of Dj and Rj in Equations (4) and (5),
CWT decomposition and reconstruction with six (±15°,
±45°, and ±75° directions) detailed sub-images at the
optimal scale, and extraction of pilling features.
Figure 9. Image analysis of woven, knitted, and nonwoven fabrics with different pilling ratings.To evaluate the robustness of the method, 60 pilled
fabric samples were examined. The samples used are
woven, knitted, and nonwoven fabrics which have been
subjectively rated for fabric pilling according to their
respective standards. The scale includes five grades,
which are Grade 1: dense fuzzing and/or severe pilling;
Grade 2: significant or distinct pilling; Grade 3:
moderate fuzzing and pilling; Grade 4: slightly surface
fuzzing; and Grade 5: no visual change.
Extraction of pilling features
Pilling features in an image can be extracted directly in
the spatial domain by analysing the grey values. They
can also be extracted in the frequency domain by using
methods such as FFT, Gabor, and wavelet transform. In
this study, a combined approach with both frequency
and spatial domains is employed to extract the pilling
features. Many parameters derived from the fabric
image have been tested and the following features are
found to be more relevant to fabric pilling assessment.
Energy feature of pilling
Under lateral illumination, pills can be easily differenti-
ated from the bright (pills) to dark (background) grey
value variation. This local contrast between a pill and its
immediate surrounding region highlights the size and
height of the pill as shown in the reconstructed images
of Figures 4, 6, and 8. The pills introduce peak and
trough grey values into the fused and smoothed back-
ground. When the number and height of given pills in
the detail image at Scale j in direction k increase, the
image energy increases. Larger pills lead to higher
energy, which can be used to differentiate samples of
different grades. Considering the energy of base texture
may increase the energy of pills, the energy of pilling
feature image  is normalised by the energy
of base texture , and the energy ratio is
used as an element of the pilling feature vector for char-
acterising the pilling intensity.
Shape feature of pills
Pill density, size, and height are the main pill properties
that observers use to rate the pilling grade of a fabric.
They have a decreasing trend when the pilling grade
increases (Kang et al., 2004; Konda et al., 1988). Five
( )E Ed
j
d
j+ +1
( )E Ed
j
d
j− −+2 1
Figure 8. Sub-images from (a) rough and (b) fine background fabric images.
D
ow
nl
oa
de
d 
by
 [ 
] a
t 1
9:0
4 1
6 O
cto
be
r 2
01
1 
The Journal of The Textile Institute 9
pill-shape feature indexes have been screened to char-
acterise the pilling degree in this work. The total
volume, height of pills, and standard deviation of
height of pills indicate the grey value magnitude and
deviation of sample images, and thus reflect the 3D
pilling information of the pilled fabric surface. They
can be directly calculated from the extracted grey
pilling images shown in Figure 10. The greater the
value of magnitude and deviation, the more severe
is the fabric pilling. The pill number and pill area show
the pilling 2D information, and can be calculated from
the binary images shown in Figures 9 and 10. These
feature indexes increase when fabric pilling becomes
more severe.
Figure 9. Image analysis of woven, knitted, and nonwoven fabrics with different pilling ratings.
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Figure 10. Pill shapes and locations: (a) shape and location of pills, (b) pill binary image, and (c) semi binary image.In Figure 10(c), the semi-binary images are obtained
by replacing those pixel grey values that are lower than
a threshold with 0, but keeping the other original grey
values. The binary images, however, are developed by
substituting the grey value higher than the threshold
with 1 and those lower than the threshold with 0. Every
small area of the white region in the binary image in
Figure 10(b) represents a pill. The pilling parameters,
including the total area (the sum of individual white
region in the binary image shown in Figure 10(b)
normalised by the image size) and area standard devia-
tion, the total volume (the sum of the pixel grey values
of the semi binary image shown in Figure 10(c)), and
the pill height standard deviation are used for indexing
the pill shape features.
Pill location deviation coefficient
The worst pilling area determines the pilling classifica-
tion, and the distribution of pills contributes to the accu-
racy of pilling assessment of an image analysis method.
Pill location deviation coefficient was therefore selected
as a pilling feature. Let the shape centre location of
every pill area be (Xi, Yi), that is, the row location is Xi,
the column location is Yi, the deviation coefficient of
pill locations along X (Lx) and Y (Ly) directions is
defined in Equation (6): 
If the area of pilling is divided equally, then Lx and
Ly are equal to half image size (N/2). Otherwise it is
divided unevenly. Hence, the deviation coefficient of
the pill locations (Lxy) can be defined in Equation (7): 
Image processing procedure
The proposed new method is a two-stage approach as
shown in Figure 11. The first stage uses the CWT
 
L
X A
A
L
Y A
Ax
i i
i
K
y
i i
i
K
=
⋅
=
⋅
⋅
= =
∑ ∑
1 1 6
total total
; ( )
 
L L N L Nxy x y= − + − ⋅( / ) ( / ) ( )2 2 7
2 2
Figure 10. Pill shapes and locations: (a) shape and location of pills, (b) pill binary image, and (c) semi binary image.
Figure 11. Block diagram of the pilling extraction method.
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decomposition and reconstruction method to extract
the pilling information from other disturbance infor-
mation including background textures and the energy
features. The second stage uses a histogram fitting
technique to get a reasonable threshold for image
segmentation, by which the spatial information includ-
ing pilling features such as total area and volume,
background unevenness, and other disturbance infor-
mation is extracted.
Figure 11. Block diagram of the pilling extraction method.
Neural pilling objective classification method
A general evaluation of the proposed method was
conducted using pilling test images of woven,
nonwoven, and knitted fabrics. Figure 12 shows the
relationships between pilling features variances and the
sample pilling ratings. Through the correlation coeffi-
cient analysis results shown in Figure 12, four parame-
ters were found to be more sensitive to the subjective
pilling rating. They are energy ratio of pilling to
Figure 12. Pilling feature indexes vs. pilling rating.
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texture, pilling area, total volume of pills, and the pill
height standard deviation with R2 values of 0.9929,
0.9894, 0.9959, and 0.9891, respectively. These four
parameters are more important factors for objective
evaluation than standard deviation of area and pill
location deviation coefficient.
Figure 12. Pilling feature indexes vs. pilling rating.To rate fabric pilling, Levenberg–Marquardt back-
propagation (LMBP) neural method (Levenberg, 1944)
was used. Validation vectors were used to stop training
if the network performance on the validation vectors
fails to improve or remains the same for max-fail epochs
in a row. Test vectors were used as a further check of the
network generalisation. The Trainlm function from
MATLAB was used to train the network and back-prop-
agation was used to find the Jacobian of performance
with respect to the weight and bias variables. There are
six input neurons corresponding to six feature indexes
and five output nodes representing five cluster centres,
that is, five pilling grades. Forty different kinds of pilled
fabric samples were trained and 20 samples were tested
using the trained LMBP neural method.
Figure 13(a) shows the squared error is less than 0.4
after 8 epoch training, validation and test in LMBP
neural processing. Figure 13(b) shows the linear fit ratio
of neural pilling ratings to the subjective pilling ratings,
with a fitting correlation coefficient R2 = 0.9722. The
results in Figure 13 also indicate that, once the classifi-
cation rules have been established, they can be used as
a tool for objective pilling grading.
Figure 13. LMBP neural training and prediction. (a) Training, validation, and test error curves, and (b) subjective pilling rating vs. objective pilling rating.
Conclusions
This paper presented an effective way of extracting pill-
ing features from pilled fabric images acquired with a
digital camera. Using the CWT, a pilled fabric image
can be decomposed into detail images of noise, fabric
texture, surface unevenness, pilling, and background
illuminative variation. It has been found that the fabric
texture information is from high-frequency detail
images and the pilling information is from low-
frequency images. An optimum decomposition scale
can be obtained by finding the minimum energy relative
gradient of the detail images. This scale constitutes the
distinction between pilling image and other detailed
images including fabric texture.
The analysis of pilling intensity feature in the recon-
structed pilling image revealed that the energy of pill
image increases as the pilling intensity increases. The
energy ratio of pilling image to the background texture
image, the total pill area and volume, and pill height stan-
dard deviation are the main features for grading fabric
pilling propensity, followed by standard deviations of pill
area, volume, and location. By establishing classification
rules and using an artificial neuron network method,
images of pilled fabrics from knitted, woven, and
nonwoven fabric pilling tests can be successfully graded
into the five pilling ratings. The experimental results
demonstrate that the new method proposed in this study
is feasible to comprehensively evaluate fabric pilling.
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